This paper puts forward a dynamic capacitated location-routing problem with fuzzy demands (DCLRP-FD). It is given on input a set of identical vehicles (each having a capacity, a fixed cost and availability level), a set of depots with restricted capacities and opening costs, a set of customers with fuzzy demands, and a planning horizon with multiple periods. The problem consists of determining the depots to be opened only in the first period of the planning horizon, the customers and the vehicles to be assigned to each opened depot, and performing the routes that may be changed in each time period due to fuzzy demands. A fuzzy chance-constrained programming (FCCP) model has been designed using credibility theory and a hybrid heuristic algorithm with four phases is presented in order to solve the problem. To obtain the best value of the fuzzy parameters of the model and show the influence of the availability level of vehicles on final solution, some computational experiments are carried out. The validity of the model is then evaluated in contrast with CLRP-FD's models in the literature. The results indicate that the model and the proposed algorithm are robust and could be used in real world problems.
The first effort on dynamic LRP dates back to the research of Laporte and Dejax [22] . They considered multiple planning periods for the LRP, so that in each period both the locations and the routes may be changed. They proposed an ingenuous network representation of the problem. The resulting network optimization problem was then solved by exact and heuristic approaches. Salhi and Nagy [23] assumed that the depots were fixed throughout the planning horizon but the vehicle routes changed following changes in customers' demand. It was also assumed that the customer set did not change. In their work, a number of solution approaches were investigated. Ambrosino and Scutella [24] considered a multi-level LRP with static and dynamic planning horizons and applied commercial software to solve the integer linear programming (ILP) formulation of the problem. Prodhon [4] considered the periodic location-routing problem. The objective of the problem was to determine the set of depots to be opened, the combination of service days to be assigned to customers and the routes originating from each depot for each period of the horizon, in order to minimize the total cost. To solve large size instances of the periodic location-routing problem, a hybrid evolutionary algorithm was proposed. The algorithm was hybridized with a heuristic based on the randomized extended Clarke and Wright algorithm to create feasible solutions. Finally, the proposed method was evaluated over three sets of instances and the results showed that it outperforms the previous methods. Albareda-Sambolaet al. [21] presented the multiperiod location-routing problem with decoupled time scales. Their problem was defined over a finite time horizon, in which location and routing decisions were made at different time scales. They also assumed that locations could be opened or modified only in some selected time periods of the planning horizon and then they remain unchanged during the time periods between them. Due to the complexity of the model, they proposed an approximation based on replacing vehicle routes by spanning trees, and its capability for providing good quality solutions was assessed in a series of computational experiments. Dynamic problems divide the planning horizon into multiple periods. Normally within the planning horizon there is some uncertainty about some of the parameters (typically the customers' demand). Very few works in literature have been done on stochastic or fuzzy LRP. At first Laporte et al. [25] described a family of stochastic location-routing problems which consist of a set of customers having random supplies. They assumed two stages for the problem: In the first stage, decisions regarding depot location, fleet size and planned routes were made without knowing the actual supplies. Since it was possible that the total supply of a route exceed the vehicle capacity in this stage, a corrective recourse action was taken at the second stage: (i.e., the vehicle returned to the depot and empties its load before resuming its journey). The problems was modeled as (ILP) and solved to optimality. Albareda-Sambola et al. [26] also considered a version of stochastic LRP in which a set of potential customers was given but only a subset of them would require service after a priori decision was made. The uncertainty of the problem was modeled by using a vector of independent Bernoulli random variables as the demand vector. In their work, a two-phase heuristic was developed. An initial feasible solution was built by solving a sequence of sub-problems, and an improvement phase was then applied. They also developed a lower bound based on bounding separately different parts of the cost of any feasible solution. In this paper a fuzzy version of dynamic LRP is considered. In operations research context, recently fuzzy logic has been used to some problems. The need to use fuzzy logic arises whenever there are some vague or uncertain parameters in the problem. Moreover, credibility theory has been used in with fuzzy parameters so far, in parallel with some meta-heuristics to solve the problem (see [27] ). There is some works on the LRP with fuzzy variables in the literature. The work of Zarandi et al. [28] is the first attempt to model the LRP using fuzzy variables and credibility theory along with a meta-heuristic technique as a tool for solving the problem. They presented a LRP in which travel time between two nodes was a fuzzy variable and the problem was solved using simulated annealing (SA) approach. Their proposed method was tested using a standard test problem of LRP and the results showed that the method was robust and could be used in real world problems. In the second work, Fazel Zarandi et al. [29] considered the location-routing problem with time windows under uncertainty. They assumed that demands of customers and travel times were fuzzy variables. In their work, a fuzzy chance-constrained programming model was designed using credibility theory and a simulation-embedded SA algorithm was presented in order to solve the problem. To initialize solutions of SA, a heuristic method based on fuzzy c-means clustering with Mahalanobis distance and sweep method was employed. They attested the proposed solution approach with some numerical experiments. In next work, Zare Mehrjerdi and Nadizadeh [27] considered the LRP with fuzzy demands. They modeled the problem with a fuzzy chance-constrained programming based upon the fuzzy credibility theory. To solve this problem, a greedy clustering method (GCM) including the stochastic simulation was proposed. In the proposed GCM, iterative and clustering approaches were used to solve the problem. To obtain the best value of the dispatcher preference index of the model and to analyze its influence on the final solution, numerical experiments were carried out. Consequently, to show the performance of their proposed method, associated results were compared with the lower bound of the solutions. In work of Ghaffari-Nasab et al. [30] , the location-routing problem with fuzzy demands was considered, and a fuzzy chance-constrained program was designed to model it, based on the fuzzy credibility theory. A hybrid SA based heuristic incorporated with stochastic simulation was developed and proposed to solve the problem. The efficiency of the solution procedure was then demonstrated via comparing its performance with those of some other existing solution procedures from literature using a standard benchmark set of test problems.
Fuzzy credibility theory
The concept of fuzzy set was initiated by Zadeh [31] via the membership function and applied to the wide varieties of real problems thereafter. To measure a fuzzy event, the term fuzzy variable was proposed by Kaufmann [32] and later Zadeh [33] proposed the possibility measure theory of fuzzy variable. Although, possibility measure has been widely used, it has no self-duality property. However, a self-dual measure is absolutely necessary in both theory and practice. In order to define a self-dual measure, a modified form of the possibility theory called credibility theory was founded by Liu [34] and studied very recently by many scholars all around the world. Since a fuzzy version of dynamic LRP with credibility theory will be modeled in this paper, a brief introduction on the basic concepts and definitions used are presented as follows: Let Θ be a nonempty set, and P the power set of Θ. Each element in P is called an event, and ϕ is an empty set. In order to present an axiomatic definition of possibility, it is necessary to assign a number   Pos A to each event A, which indicates the possibility that A will occur. To ensure that the number
 
Pos A has certain mathematical properties, the following four axioms are approved [34] Considering definition 3.6, the credibility of a fuzzy event is defined as the average of its possibility and necessity. A fuzzy event may fail even though its possibility achieves 1, and hold even though its necessity is 0. However, the fuzzy event must hold if its credibility is 1, and fail if its credibility is 0 [34] . The credibility measure is self-dual, and in the theory of fuzzy subsets, the law of credibility plays a role similar to that played by the law of probability in measurement theory for ordinary sets [35] . In this section definition and assumptions of the DCLRP-FD is detailed and the mathematical formulation is developed. In the DCLRP-FD, there is a time horizon with multiple periods that in each time period the demand of every customer should be supplied by a single vehicle and the total load of each route must not exceed the definite capacity of the vehicle. The routes start and end to the same depot and the total load of all allocated customers to a depot must be less than or equal to the limit capacity of that depot. Vehicles are heterogeneous and have the maximum travel distance. Furthermore, each vehicle in each time period has an availability level that varies within [0, 1] . This means that a vehicle can serve some customers in a part time of a period. The main objective of the problem is to minimize the total cost of the system, taking the costs of depot, routing costs and lost opportunity costs due to the lack of vehicle capacity into consideration. In the DCLRP-FD, in addition to the above assumptions, the customers' demand at each period is a triangular fuzzy number such as 1 2 3 ( , , ).
To model the problem with fuzzy credibility theory, the fuzzy number representing demand of the j th customer at the t th period is denoted by 1 2 3 ( , , ) Q is also a triangular fuzzy number by using the rules of fuzzy arithmetic, and 
The credibility that the next customer demand does not exceed the remaining capacity of the vehicle can be obtained as follows: 
Similarly, let the capacity of i th candidate depot is given by P i . After allocating c customers to the i th depot, the available capacity of the depot at period t will equal
is also a triangular fuzzy number by using the rules of fuzzy arithmetic, and
.
The credibility that the next allocated customer demand does not exceed the remaining capacity of the depot can be shown as follows: 
There is no doubt that if the remaining goods in the vehicle is high and the demand at the next customer is low, then the vehicle's chance of being able to finish the next customer's service become greater. This means that the greater the difference between available goods and demand at the next customer, the greater preference to send the vehicle to serve the next customer. According to formulation (4.5), the preference index is designated by Cr which denotes the magnitude of the preference for sending the vehicle to the next customer after it served current customer. It is obvious that Cr ∈ [0, 1]. When Cr = 0 driver is completely sure that he should return to the depot. When Cr = 1, the driver is absolutely certain that he can serve the next customer by the remaining goods having in his vehicle. Let the dispatcher preference index designated by DPI, where DPI ∈ [0, 1]. So, according to the DPI value and the credibility that the next customer demand does not exceed the remaining capacity of the vehicle, a decision must be made as to whether to send the vehicle to the next customer or return that to the depot. Thus, if relation Cr ≥ DPI is fulfilled, then the vehicle should be sent to the next customer; otherwise, the vehicle should be returned to the depot, and send it back again to the next customer after loading sufficient goods. Similarly, in formulation (4.7) if the depot's remaining capacity for serving customers is high and the demand at the next customer being low, then the depot's chance of being able to serve the next customer become greater. This means that the greater the difference between the available capacity of the depot and the demand at the next customer, the greater the preference to allocate the next customer to the depot for receiving the service. The preference index is designated by Cr with the value of Cr ∈ [0,1]. When Cr = 0, then the depot manager is completely sure that he should not accept the next customer for giving the service. On the other hand, when Cr = 1, the depot manager is absolutely certain that he can serve the next customer. Let the assignment preference index for allocating customers to a depot is designated by API, API ∈ [0, 1]. So, according to the API value and the credibility that the next customer demand does not exceed the remaining capacity of the depot, a decision must be made as to whether to allocate it to the current depot or the next opened depot should accept it. Thus, if the relation Cr ≥ API is fulfilled, then the depot should serve the next customer; otherwise, the customer should receive service from another opened depot. Moreover, the planned routes are designed in advance by applying the proposed hybrid heuristic algorithm. But, the actual value of a customer demand is only known when the vehicle reaches the customer. Due to demand uncertainty at the customers, a vehicle might not be able to serve a customer once it arrives there due to insufficient capacity when the vehicle implements the planned route. It is assumed that in such situations the vehicle returns to its depot to load itself and then returns to the customer where it had a "failure" and continue its service along the rest of the planned route. This arises an additional distance due to route failure. Hence, an additional distance should be considered for the vehicle due to the "failure" arises at some customers' locations along the route when evaluating the planned route [27] . Both parameters DPI and API which are empirically determined have an extremely great impact on both the total length of the planned routes and on the additional distance. For example, lower values of parameter DPI express the dispatcher's desire to use vehicle capacity the best he can. These values result in shorter planned distances. Moreover, lower values of parameter DPI increase the number of circumstances where a vehicle meet a customer but is unable to serve that, thereby increasing the total distance it covers due to the "failure". In this work, stochastic simulation is used to evaluate the additional distance due to route failure. On the other hand, higher values of parameter DPI are characterized by less utilization of vehicle capacity along the planned routes and less additional distance to cover due to failures. Furthermore, higher values of DPI increase the number of vehicles that are used. In other hand, it may be due to the unavailability of vehicles, the cost of lost opportunity increases due to the not serving of some customers. As a result, the sensitive parameters DPI and API significantly influence the sum of planned route lengths, additional distances and lost opportunity costs that should be determined properly by modeling the problem.
The notations used to represent the mathematical programming formulation for the DCLRP-FD are as follows:
Sets and parameters:
I: Set of candidate depots indexed by i and
, that M is the number of candidate depots.
J: Set of customers indexed by j and
, that N is the number of customers.
V: Set of all points: V = I∪J and
E: Set of arcs (i,j) connecting every pair of nodes i, j ∈ V.
K: Set of vehicles indexed by k and   The corresponding fuzzy chance-constrained programming (FCCP) formulation of the DCLRP-FD based upon the credibility theory is shown as follows:
...
1 ;
The objective function (4.8) represents the sum of the fixed depot location costs, the fixed costs of employing vehicles, the travel costs, total cost of the lost opportunities, respectively. The objective function (4.9) shows the total additional travel distances. Note that, the total additional travel distances of vehicle k, denoted by f k , can be obtained by stochastic simulation algorithm in section 5.4.2. Fuzzy chanceconstraints (4.10) and (4.11) assure that all customers are visited within vehicle capacity and are allocated within depot capacity with a confidence level, respectively. Constraints (4.12) stated that a customer should be served within one route only and should have only one predecessor, if it received the service. The sub-tour elimination constraints are assured in (4.13). The continuity of the routes and return to the original depot are guaranteed through constraints (4.14). Constraints (4.15) ensure every vehicle k must be used in each time period t once. Constraints (4.16) ensure that a customer must be assigned to a depot if there is a route connecting it. Constraints (4.17) express the limitation of travel distance of vehicles. Note that, the service times should be transformed to the distance scale in constrains (4.17). Constraints (4.18), (4.19) , and (4.20) specify the binary variables used in the formulation and finally, auxiliary variables taking positive values are declared in (4.21). Figure 1 depicts the relationship between the DCLRP-FD and its special cases. For example, if the number of period is considered 1 (i.e., T=1), the DCLRP-FD is reduced to the CLRP-FD. In the other hand, after preliminary setting such as T=1, M=1 and deterministic demand for the customers, the master problem changed to the capacitated vehicle routing problem (CVRP). Other problems related to the DCLRP-FD are shown in Figure 1 .
Proposed heuristic algorithm for the DCLRP-FD
A hybrid heuristic algorithm (HHA) is presented in this section to solve the DCLRP-FD. In general, HHA consists of four phases in each time period, which is illustrated in Figure 2 . In the first phase, the depots are opened between the candidate depots sites based on the coordination of customers (Figure 2(a) ). In the second phase, customers are clustered using a greedy search algorithm (Figure 2(b) ). The clusters are allocated to the opened depot(s) in the third phase, considering the distance between the depots and the gravity center of the clusters as well as the capacity of the depots (Figure 2(c) ). Finally, in the fourth phase an admissible tour between each cluster and depot is formed by ant colony system (ACS) (Figure 2(d) ). In this phase, the stochastic simulation is also used to determine the actual demands of customers. The problem is initialized by defining a plane comprising the set of depots, M, customers, N, and their coordinate points. The hybrid heuristic algorithm is repeated for a predefined number of iterations. When algorithm obtains a better solution, it replaced with the last best known solution. Moreover, since in the second phase of HHA, the first customer in each cluster is selected randomly, the constituted clusters in each iteration of the proposed algorithm are different together. Thus, the proposed algorithm can search some feasible solutions among all the solution space. This can ensure that HHA avoid confining suboptimal solutions. Details of HHA are described in the following sections. 
Establishing the depot(s)
As mentioned before, in the beginning of the planning horizon of the DCLRP-FD, the depot(s) should be opened and should be fixed during the planning horizon. Thus, the first phase of the HHA searches among the potential sites to establish the depot(s). Firstly, the sum of distances between the locations of customers and each potential site is calculated. Secondly, the potential sites are sorted according to their Euclidean distance to customers and their capacity. The Euclidean distance is calculated by equation (5.22) . In this equation, w i is the total Euclidean distance between potential site i and the locations of customers, (x i ,y i ) is the coordinates of potential site i, (a j ,b j ) is the coordinates of customer j, N is the number of customers, and M is the number of potential sites. Consequently, the depots in sorted list should be opened one by one until the total capacity of opened depots can support the value of d * .
Clustering the customers
The second phase of the HHA is the clustering of the customers. The customers are grouped considering their intra distance, their fuzzy demands and the capacity of the vehicles. A greedy search algorithm is used to form a cluster of customers. At first, to form a cluster, a customer is selected randomly from the set of non-clustered customers belongs to N. The algorithm searches for the nearest customer to the last selected customer of the current cluster. The nearest customer is not assigned to the cluster if its demand exceeds the remaining capacity of the vehicle, considering the DPI value and the credibility of the customer. When a new customer is selected to be assigned to a cluster, total fuzzy demand of current members of the cluster is calculated and compared to the capacity of the vehicle. If the relation Cr ≥ DPI is fulfilled (according to the formulation (4.10)), the new customer is allowed to assign to the current cluster. Otherwise, last customer is withdrawn from the cluster. The greedy search algorithm searches for a new customer close to the last added member of the cluster among the ungrouped customers of N. This procedure helps to use the maximum capacity of a vehicle. The algorithm forms a new cluster if there is no customer to be assigned to current cluster considering the capacity of vehicle and fuzzy demand of customers. When there is no unassigned customer, the process of clustering stops.
It is important to note that, since the capacity of vehicles is not equal (i.e., vehicles are heterogeneous), the clustering of customers may be different together in terms of the number of customers and their total demands in each cluster.
Allocating clusters to depot(s)
In the third phase of HHA, the clusters are respectively allocated to the opened depots. Each depot serves as many clusters as possible, based on the API value and the credibility that the next cluster demand does not exceed the remaining capacity of the depot. To allocate the clusters, the Euclidian distance of gravity center of each cluster to the first opened depot is calculated. The gravity center of each cluster is calculated according to equation (5.23) , in which (a (g) ,b (g) ) is the coordinates of the gravity center of cluster g, (a j ,b j ) is the coordinates of customer j, and n g is the number of customers assigned to cluster g. Afterwards, the unassigned clusters are ranked in an ascending order based upon the distance of their gravity centers to the depot. The top-ranked cluster is allocated to the first opened depot, if the relation Cr ≥ API is fulfilled (according to the formulation (4.11)). If there is an empty capacity for the current opened depot, the second-ranked cluster is allocated to the depot considering the above relation. The allocation process to the depot will be finished when there is not enough capacity to allocate new cluster. In this situation, the allocating procedure is repeated for the next-opened depot until all clusters are allocated.
Routing
In the fourth and last phase of the HHA the routing problem is solved for each cluster with the relevant depot. The routing problem of the DCLRP-FD is the same as traveling salesman problem (TSP), which is solved by using ACS.
Ant colony system
ACS is referred to ants' treatment to find food [37] . The ants spread a material called pheromone and put it on their way so that other ants can pass the same route. The pheromone of shorter route increases due to lower evaporation and therefore more ants move from that way. Artificial ants construct a solution by selecting a customer to visit sequentially until all the customers in a route are visited. Ants select the next customer to visit using a combination of heuristic and pheromone information. A local updating rule is applied to modify the pheromone on the selected route, during the construction of a route. When all ants construct their tours, the amount of pheromone of the best selected route and the global best solution, are updated according to the global updating rule. More details on ACS can be found in [38, 39] . As mentioned before, the demand of each customer is a triangular fuzzy number, so it cannot be directly considered as a deterministic number like other algorithms that solve the deterministic CLRP. Since the real value of demand is identified as the vehicle reaches the customer, the simulation experiment is used to determine the deterministic value of each customer demand. The actual demands help the decision maker to evaluate the planned routes designed by fuzzy demands. Moreover, for each feasible planned route that the solution of the HHA stands for, additional distances due to route failures (f k ) are obtained by a stochastic simulation algorithm.
Stochastic Simulation
To reveal the "actual" demand of each customer and to determine the additional distances due to route failures, the following stochastic simulation with four steps is proposed:
Step 1: For each customer in each time period, estimate the additional distances by simulating "actual" demands. The "actual" demands were generated by following processes: (1) (1) till (3), and terminate the process when each customer in each time period has a simulation "actual" demand quantity.
Step 2: For each time period, move along the route designed by ACS and calculate the additional distance due to route failures in terms of the "actual" demands.
Step 3: Repeat Steps 1 and 2 R times. In this work, the proper value of R is considered 400 after some computational experiments.
Step 4: For each time period, compute the average additional distances that comes out of simulation, and return it as the additional distance.
Note that, the routing cost of the DCLRP-FD consists of two amounts: additional distances and planned routes distances. In the DCLRP-FD, each planned routes distances between the depots and allocated clusters are obtained by ACS and additional distances are calculated by stochastic simulation algorithm.
Computational results

Sensitivity analysis on both parameters DPI and API
In this section, some numerical experiments are given to show the performance of the DCLRP-FD's model and the efficiency of the HHA. In the first experiment, to evaluate the sensitivity of parameters DPI and API on solving the model, different size of instances is considered to conduct computational experiments. It is assumed that there are 30 customers and 5 candidate depots for a small size instance and 100 customers and 7 candidate depots for a large size instance. In two examples, the coordinates of all customers and depots are generated randomly in [100×100]. Furthermore, six time periods are considered in two test instances and the fuzzy demands of customers in each time period, which are triangular fuzzy numbers such as 1 2 3 ( , , ) [10, 35] , [36, 60] and [61, 110] , respectively. The number of vehicles available is 5 and 10 for small and large-size test instances, respectively. Moreover, in two instances, the availability level of each vehicle is considered 1, the capacity of vehicles and depots are selected equally and maximum travel distances of each vehicle are given 240 in each time period. The relative data for two test instances are listed in Table  1 . Note that, in Table 1 , the serving and loading times of vehicles are expressed based on the distance scale. Consequently, the name of each instance can be summarized as the number of potential depots, || I , the number of customers, || J , the number of time periods, || T , and the number of vehicles, || K , (i.e., The HHA is encoded in MATLAB 7.10.0 on a computer, holding Intel ® Core™ Duo CPU T2450 2.00
GHz and RAM of 1.00 GB. The average computational results of 10 times are given in Tables 2 and 3 for small and large size instances, respectively. In first and second columns of Tables 2 and 3 , the values of DPI and API varied with the interval of 0.2 to 1 with a step of 0.2, respectively. Next columns of the tables respectively labeled: the planned routes, the additional distances, the routing costs that include the planned routes and additional distances, the lost opportunity costs, the depot costs, the vehicle costs, the total costs that consist of routing costs as well as lost opportunity, depots and vehicles costs. The last column also shows the CPU time of solutions. As shown in last column of Tables 2 and 3 by bold number, when the value of the dispatcher preference index equals 0.6 and the value of assignment preference index equals 1, the total cost has a minimum value. It is noted that, when the value of API grows, it ensures that the depot is more able to respond customers' demand. In the other hand, establishment of more depots or depots with high capacity can provide high confidence for supporting more customers. As seen in Table 2 , for each constant value of DPI, when the API value has increased, the cost (or the number) of deploying the depots is also grown. According to Tables 2 and 3 for the different DPI values and each constant API value, planned route and additional distances are changed as follows: the lower values of parameter DPI denote a tendency to use total vehicle capacity. These values are associated with the routes with the shorter planned distances. Furthermore, lower values of parameter DPI increase the number of cases in which vehicles visit customers but are unable to serve them, thereby increase the total additional distance due to the "route failure". In the other hand, higher values of parameter DPI are characterized by less utilization of vehicle capacity along less additional distance to cover due to failures. But, these values are associated with the routes with the longer planned distances. At high DPI value, it also requires a greater number of vehicles. In this case, it may be due to the unavailability of vehicles, the cost of lost opportunity increases due to the lack of serving to customers. For example, the results of planned routes, additional distances and total costs of Tables 2 and  3 , for the different DPI values and the API value of 1, are depicted by Figures 3 and 4 , respectively. As is shown in Figures 3 and 4 , when the value of DPI equals 0.6, the total cost has a minimum value. 
Sensitivity analysis on availability level of vehicles
Validity of the DCLRP-FD's model
To evaluate the validation of the DCLRP-FD's model, numerical experiment is carried out in this section.
As mentioned before, a time horizon with some planning periods exists in the DCLRP-FD. It may be interest to evaluate the validity of DCLRP-FD compared to CLRP-FD that considers single-period for the problem. In fact, it will be shown that solving an instance with DCLRP-FD produces better solution than solving several CLRP-FD problems. Tables 6 and 7 demonstrate the validation of the proposed model for two test instances described before. Each of the Table of 6 and 7 is divided into two sections of top and bottom. The first column of the tables shows static and dynamic models that are related to results of CLRP-FD and DCLRP-FD, respectively. Next columns of Tables 6 and 7 are also similar to four previous tables. DCLRP-FD's solution with DPI of 0.6 and API of 1 are detailed for each period at bottom of the tables. As seen in the Tables 6 and 7 , in dynamic model, the planned routes and additional distances can be changed during the planning periods due to fluctuations of demands. In static model, the planned routes are constant or fixed for all periods but, the additional distances and lost opportunity costs may be changed due to fluctuations in demands. Regarding to the last column of Tables 6 and 7 , it is clear that dynamic model is superior to static model in terms of quality of solution. Consequently, the results state the validation of the DCLRP-FD's model for instances that can be solved by CLRP-FD's model.
Conclusion
In this work a DCLRP-FD that is related to logistics system of supply chain was addressed. A mathematical model using credibility theory consists of fuzzy constraints was proposed. Since the model was NP-hard, a HHA with four phases including stochastic simulation for estimating the additional distances due to route failures was presented. To evaluate the HHA and to obtain the best sensitive fuzzy and stochastic parameters of the model, two test instances with different size which are compatible with real data were generated. The first computational experiment showed that fuzzy parameters of DPI and API greatly influence on cost of transportation system. Precisely, first experiment indicates that DPI value influences more on the planned routes' length, additional distance, lost opportunity and fixed cost of vehicles. But, another parameter had more impact on fixed cost of depots. Second experiment expressed that if availability level of vehicles was considered as random variable such as normal distribution, it can effect on total cost. In this case, constraints (6.27) were replaced with constraints (4. 
